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Teamwork-performance prediction by using soft skills and technological savvy
skills
Abstract
In today’s connected world, forming teams of people to execute projects is seen as a challenge in
government agencies and public and private organisations alike. For large enterprises, a small group of
thoughtful and committed people performing different roles could essentially change the world. At the
same time, however, it is hard to select an effective team with appropriate skills who can work
collaboratively. In this project, as a starting point, the study's objectives required formulating skillset
models and designing the theoretical framework to investigate project members’ capabilities. This study
used three undergraduate courses’ data as input to find the skill features required in team project
assignments. Additionally, possessing soft skills and Technological Savvy skills can help minimize
member underperformance. Our case study of Predicting Teamwork Performance (PTPA) system also
discovered some attributes that directly influence team projects and evaluating the results pointed out
team members' strengths and weaknesses. Therefore, this theoretical framework can help team leaders
recognize the skillsets necessary for project management.

Practitioner Notes
1. The technological savvy skill is a specific ability that can be measured and defined.
Measurement in our case study showed how well the technical skill variables related to
teamwork performance.
2. Teammates with good programming, creativity, communication and logical skills have
associated technological savvy skills.
3. The TSS model is a vital asset to consider when developing project management roles.
The study also identified soft skills that are adaptive to team processes.
4. Although technological savvy skills are essential in team projects, soft skills help
teammates work well no matter how much or little technical knowledge they have.
5. Balancing technological savvy skills and soft skills are primary determinants in how well
teams perform.
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Introduction
Forman (1994) suggested that individualistic and sociocultural factors can influence cognitive
learning and broader social benefit in a community of practice, challenging in higher education.
According to Fine and Hallett (2014), they said ongoing social relations could support organisational
practices. They examined the role of shared awareness and memory, performance, and
differentiation to belong in corporate life. They observed, "group culture could be capable of
recognising the tensile strength of organisations in the face of forces of uncertainty that might disrupt
allegiance". The argument from Liber (1994) said team-based learning could build-up complexity
in the learning experience and strengthen students' skills in the real world. Recent publications from
Aranyossy et al., (2018) and Luțaș et al. (2020) indicated that project success needed to consider
time, cost, quality, and effectiveness. The teamwork cooperation element is also one of the
significant components in education. Team projects are the trend to enhance student learning in
practical ways in higher education, and project management issues are typical problems that
professional engineers face in the industry. In this study, we observed that team project success
factors include knowledgeable people with leadership skills. Technical skills and soft skills are
essential issues to support project-based collaborative learning. Students with a good blend of those
skills find it easy to reach their learning goals.
Prerna Sindwani (2019) described that engineering graduates in India lacked technical skills, and
about 30 percent of engineering applicants failed the aptitude test. As Luțaș et al. (2020) stated,
competent project managers should possess education in the project field and soft and technical
skills and knowledge to perform specific tasks in the team project, such as competence to perform
mechanical, information technology, mathematical, or scientific tasks. Cleland (1994) also claimed
that project managers should perform technical tasks of the project and possess project management
knowledge. Therefore, required technical skills include knowledge of the technology involved in a
successful project, and technical competencies are an essential factor of the organisation's tacit
knowledge assets and organisational capability (E1-Sabaa, 2001; Koskinen et al., 2003; Söderlund,
2005). To address this point, the project-based collaborative effort takes place in technical skills by
designing the team projects in this study.
Historical research of Callaghan et al. (1994) listed several changes in the teaching approach in the
group projects. These included active individual learning, guided personal growth, and group
learning to enhance creativity and social skills. Fine (2012) identified that building social structures
can shape (a) individuals in social identities, (b) social capital by strengthening group ties based on
individuals fulfilling one's goals, and (c) in making small-scale networks. He emphasised that small
group interaction can be the "micro foundation of civic society". Those changes are part of skills in
project management as well. Bowers et al., (2000) and Cannon et al., (1997) also divided team
competencies into three categories — knowledge, skills, and attitudes. In terms of project
management, Koskinen et al., (2003) and E1-Sabaa (2001) agreed that soft skills are the main
components of project management. Soft skills are needed in all jobs in all businesses, particularly
in leadership positions. Indeed, soft skills are personal attributes that interact with others in
teamwork. These skills make it easier to form relationships with people, create trust, and lead teams.
As previous research indicates, Technological Savvy skills are essential in business projects, and
they augment soft skills that help minimise underperformance of members in project management
teams. Hence, the objective of this project is "Finding the skill sets of Technological Savvy skills
and soft skills that minimise underperformance of members in project management teams". Group-
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based student projects are a preliminary study on teamwork experiences by the evolution of team
skills.
To reach the objectives above, a technological savvy skill model (TSS) and a soft skill model (SSM)
were developed to deal with this goal by assessing project-based group work. For the soft skill
model, initially, attribute evaluation was applied to identify the correlation attributes which are
"Good and Very Good Leadership Skills", "Good and Very Good Communication Skills", and
"Good and Very Good Logical Skills" since those attributes have a significant impact on the soft
skill model. For the TSS model, the attribute evaluation was based on the correlation attributes of
"Good and Very Good Programming/Technological Savvy Skills" and "Good and Very Good
Logical Skills". The observation was that the conditional probability between two skills affected the
project grade, and classification accuracy was applied to find the soft skill attributes that influenced
project complexity. The contributions can be summarised as 1) analysing the datasets revealed that
savvy technical skills and soft skills are essential skills for a successful project, and 2) a TSS model
and SSM model were used for the first time to identify such a phenomenon (which provided the
reference models for the different nature of group-based student projects).

Method
In our case study, the model accuracy was experienced when the conditional probability between
two node values was P (Leadership skill =0 | Logical skill =0) = 1. The solving method of the
posterior probability is P (Logical skill | Leadership skill) = P (Leadership skill | Logical skill) * P
(Logical skill)/P (Leadership skill), here P (Leadership skill | Logical skill), P (Leadership skill), P
(Logical skill) and P (Logical skill | Leadership skill) are based on Bayes' theorem, with the
conditional probabilities illustrated in 2.1.
P (Logical skill | Leadership skill) =

𝑃(𝐿𝑜𝑔𝑖𝑐𝑎𝑙 𝑠𝑘𝑖𝑙𝑙 )∗𝑃(𝐿𝑒𝑎𝑑𝑒𝑟𝑠ℎ𝑖𝑝 𝑠𝑘𝑖𝑙𝑙 | 𝐿𝑜𝑔𝑖𝑐𝑎𝑙 𝑠𝑘𝑖𝑙𝑙 )
𝑃(𝐿𝑒𝑎𝑑𝑒𝑟𝑠ℎ𝑖𝑝 𝑠𝑘𝑖𝑙𝑙)

(2.1)

The notation of the classification problems states in 2.2.
P (𝑆𝑘 |𝑥) =

𝑃(𝑆𝑘 )∗𝑃(𝑥|𝑆𝑘 )
𝑃(𝑥)

(2.2)

Where,
• P(𝑆|𝑥) is the posterior probability of a soft skill (target variable) that is the given predictor
x.
• 𝑃(𝑆) is the prior probability of a soft skill.
• 𝑃(𝑥|𝑆𝑘 ) is the likelihood, which is the probability of the predictor x given a soft skill.
• 𝑃(𝑥) is the prior probability of the predictor x.
• 𝑘 is the notation to distinguish between different soft skills of at least two soft skills in the
classification scenario such as good leadership skill / very good leadership skill, good
logical skill / very good logical skill).
For example, if a student has excellent leadership skills in a team project, that student can have soft
skills. A graphical representation is shown in Figure 1.

https://ro.uow.edu.au/jutlp/vol18/iss8/09
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Figure 1
The relationship of variables in the conditional probability

Logical skill

Leadership skill

TSS/SSM

Model specification
The models are an extension of a Bayesian network (1997) defined as an acyclic graph. The
consideration of the nodes in the acyclic graph is represented as the random variable 𝑋𝑖,……. 𝑋𝑛 and
for each 𝑋𝑖 is a conditional probability distribution. The edges indicate the impact of one node on
another. Figure 2 shows the relationship between a prediction indicator and soft skills.
Figure 2
The relationship between a prediction indicator and soft skills

Logical skill

Leadership skill

TSS/SSM

Indicator

The data are classified in terms of performance as Good, Pass and Marginal for evaluating teamwork
performance and finding the proper skills that influence project performance. The next step is to
perform attribute evaluation using the attribute evaluator with correlation evaluation to make the
features suitable to the model and eliminate noise features. The searching method used is "Ranker"
in Weka to identify which attributes have the most significant impacts on team performance.
Hence, the Soft Skill Model (SSM) is specified by the conditional probabilities P (G, P, M), where
G is a good class, P is the pass class, and M is the marginal class. Any three events of G, P and M,
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are independent, then, P (G, P, M) = P(G) P(P) P(M) and the SSM model can be defined as SSM (n,
P (G, P, M)). Let G and P be the passing grades, and they are independent, thus,

P(y|𝑥1,….., 𝑥𝑛 ) =

𝑃(𝑥1 |𝑦)𝑃(𝑥2 |𝑦)…..𝑃(𝑥𝑛 |𝑦)𝑃(𝑦)

P(y|𝑥1,….., 𝑥𝑛 ) =

𝑃(𝑥1 )𝑃(𝑥2 )….𝑃(𝑥𝑛 )
𝑃(𝑦) ∏𝑛
𝑖=1 𝑃(𝑥𝑖 |𝑦 )
𝑃(𝑥1 )𝑃(𝑥2 )….𝑃(𝑥𝑛 )

P(y|𝑥1,….., 𝑥𝑛 ) ∝ 𝑃(𝑦) ∏𝑛𝑖=1
So, the maximum probability is 𝑦 = 𝑚𝑎𝑥𝑦 𝑃(𝑦) ∏𝑛𝑖=1

𝑃(𝑥𝑖 |𝑦)
𝑃(𝑥𝑖 |𝑦)

Feasibility study
A new area of machine learning is growing in status; a machine playing chess is a well-known
example. It is practically possible to implement into high-end appliances. In real life, data has
thousands of dimensions, and it is not easy to find the right data features for machine learning that
can handle the high dimensionality of data.
In this study, the first step was to analyse students' academic records and extract information about
their English skills, leadership skills, communication skills, technology savvy skills, logical skills,
and hardware skills. Nearly 473 records were collected from students of three project-based subjects
(each from an undergraduate program) on their academic performance in the subjects relating to
programming/technological study, hardware development, and generic IT study throughout three
academic years. Then, these subjects were mapped to the relevant skills. We used those data to train
a machine learning model.
The teamwork-performance prediction system was developed to apply the models and display the
performance of team members of student project teams. The system is a web application that is
hosted by the University's Information Technology Services Centre. Each team member is requested
to complete two assessments for their projects and encourage each team member to examine their
skills.
The regression and support vector machine algorithms give a higher accuracy rate than the other
machine learning algorithms in the TSS model by inputting the data to the machine learning
algorithms. Thus, the regression and support vector machine algorithms were used for data training.
Because we were feeding a small dataset, the SSM model used Naïve Bayes (2011) to train the data
as Naïve Bayes provided acceptable accuracy scores (see figure 3) compared with the other machine
learning algorithms. Also, the Bernoulli Naïve Bayes was selected because our data had multiple
features, and each one was assumed to be a binary variable.
Member 1's score is combined with Member 2's input testing data for the TSS model. The code for
importing the regression algorithm and support vector machine algorithm comes from the sci-kit
learn library. The result is only two and four group underperformances in figure 4.

https://ro.uow.edu.au/jutlp/vol18/iss8/09
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Figure 3
The accuracy scores of the Naïve Bayes algorithm

Figure 4
The testing data for each task and the codes for regression and support vector machine algorithms

In the case study of technological savvy skill performance prediction, the normalisation of project
attributes was calculated for obtaining a consistent input for data training, i.e., Normalised project
report (NPR) = actual report score/proportions of the report, Normalised presentation (Npresent) =
actual presentation score/proportions of presentation, Normalised project demo (NPD) = exact demo
score/proportions of project demo, Normalised peer assessment (NPA) = actual peer assessment
score/proportions of peer assessment, Normalised project proposal (NPP) = exact proposal
score/proportions of the project proposal, and Normalised attendance (NA) = actual attendance
score/proportions of attendance. Thus, N(Xt) ∈ NPR, Npresent, NPD, NPA, NPP, NA. The output
training data determined underperforming members by comparing their actual project scores. The
input and output training data for each task, which combined member 1 and member 2 scores, are
shown in figure 5.

Sample
The datasets from the subjects to be involved in this project included a small-scale assessment. The
results of these assessments provided data for understanding the impact of the SSM model and TSS
model. The dataset is from:
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Figure 5
An example of training data

Computer Programming course (EIE2264) is a level-2 subject that gives higher diploma students
essential programming skills. This subject provides an environment for students to develop logical
skills through a small-scale software development group project and software development project
with TWO students as one group. This sample can be relevant to the TSS model.
Network Technologies and Security course (EIE3120) is a level-3 subject that gives the top-up
program students a valuable opportunity to exploit their personal development through a case study
project with THREE students as one group. This subject provides an environment for students to
develop communication skills and an innate desire to learn. This sample can be appropriate to the
SSM model.
Integrated Project course (EIE3360) is a level-3 subject which is a software development project
lasting for 13 weeks with TWO students as one group. This subject allows students to understand
their learning habits and develop their leadership and project management skills/knowledge through
an integrated group project. This subject leads to leadership improvement through their peers'
assessment in two stages of evaluation. This sample can apply to the TSS and SSM models.
The total number of records was 473. We converted the numerical dataset into the binary-valued
qualitative attributes for Bayesian classifiers so that the dataset contained 316 rows and 30 attributes
on which to conduct training. The converted dataset for training is shown in figure 6.
Then, the input training data was scaled to a zero mean for better convergence of the training
algorithm (see figure 7). The output test data is the 100-times normalised group score rounded to an
integer split from the whole data set. It is used for verifying the accuracy of the training algorithm.

https://ro.uow.edu.au/jutlp/vol18/iss8/09
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Figure 6
The converted dataset with binary-values

Figure 7
The scaled data for training

Assumptions
Two assumptions were made: the first was the nature of skillsets associated with teamwork
performance, while the second was the direct relationship of significant skills (i.e., programming
skills, logical skills) between an outcome variable like the indicator "Good" performance, "Pass"
performance and "Marginal" performance. Referring to McIntosh's (2012) theory, the assumption is
that the potential values of outcome variable Y have an equivalent probability as a function of values
of independent variables is shown as equation 4.1,
P(𝑌𝑖𝑡ℎ =1/X=x) = P (𝑌𝑖𝑡ℎ =1)
(4.1)
P (𝑌𝑖𝑡ℎ =1) is the probability of the conditional success for the ith subject given a certain value of X.
With relevance to Plane et al., (1997), these probabilities follow a binomial distribution. Based on
Hanusheck et al., (1997) and Aldrich et al., (1986), "a logistic distribution is S-shaped and the values
ranging from 0 to 1" as 𝑊1 𝑋1 change is shown in equation 4.2.
P(Y) =

exp (𝑊0 +𝑊1 𝑋1 )
1+exp(𝑊0 +𝑊1 𝑋1 )

(4.2)
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From the nature of the likelihood function and its properties (with reference to the discussion in
Christensen, 1990; Collett, 1991; Hanusheck et al., 1997; Fienberg, 1983), the underlying
relationship between an independent variable and a dependent variable should follow a probability
function that is S-shaped in nature. The maximum likelihood estimated by logistic regression
measures the effects of the independent variable upon the probability function. As Hanusheck et al.
(1997) stated, the approximated values would likely have observed Y with the highest probabilities.
Minimising the sum of the squared errors between the observed and predicted values is required.
The python library was used to handle the regression model. The simulation theory was based on
St. John's (1990) study, which acquired the effect of academic ability. He provided an excellent
illustration of how logistic regression categorical variables apply in categorical dependent variables.
Soft Skill Model
Our small dataset assumes class independence and limited features because of soft skills, including
leadership, communication, and logical skills. Thus, no pair of features depends on a student with
good leadership skills associated with a good grade. The features are then supposed to be
independent. The second is that each feature (soft skill) affixed the same weight, such that good
leadership skill and logical skill alone cannot predict the grade accurately.
•
•
•
•

𝐶𝑖 is the total number of class labels.
N is the total number of attributes.
{ 𝑇1,….., 𝑇𝑛 } is the total number of values that correspond to the attributes { 𝐴1,….., 𝐴𝑛 }.
𝑇𝑚𝑎𝑥 is the maximum of { 𝑇1,….., 𝑇𝑛 }

𝑇𝑖 is the total number of training instances and counting the number of existences of each class label,
and attribute can be processed as E(𝑇𝑖 ). The probability of each class label can be found in the
training dataset like E (𝐶𝑖 ). For the conditional probability of each attribute, the probability of every
single attribute is conditioned to find each class label like "Good" teamwork performance,
"Marginal" teamwork performance. So,
SSM = ∑𝑁
𝑖=1 𝐶𝑖 ( 𝑇𝑖 )
= 𝐶𝑖 (𝑇1 )+ 𝐶𝑖 (𝑇2 )+……. 𝐶𝑖 (𝑇𝑛 )
≤ 𝐶𝑖 ( 𝑇𝑚𝑎𝑥 + 𝑇𝑚𝑎𝑥 + ⋯ . . 𝑇𝑚𝑎𝑥 )
≤ N(𝐶𝑖 )( 𝑇𝑚𝑎𝑥 )

(5.1)

Then, calculating conditional probability is given by N(𝐶𝑖 )( 𝑇𝑚𝑎𝑥 ). The conditional probabilities
and prior probabilities are collected and then retrieved during the classification process. When we
classify the test data, the model has to find each instance's possibilities in each class label. Hence,
the SSM model is determined by finding the conditional probabilities for a feature value, which
means K classes and n variables are K * n. The features presence and independence of each class
are as 𝑃(𝑥1, 𝑥2 |𝐶)= 𝑃(𝑥1 |𝐶) 𝑃(𝑥2 |𝐶). It is appropriate to apply this in the binomial distribution.
Additionally, Cohen's kappa (1985) theory was used to maximise the overall accuracy as
𝑃
−𝑃
𝐾𝑚𝑎𝑥 = 𝑚𝑎𝑥 𝑒 , where 𝑃𝑚𝑎𝑥 is the model's maximum overall accuracy.
1−𝑃𝑒

Technological Savvy Skill Model
The Technological Savvy Skill Model (TSS) for teamwork performance prediction framework is
shown as equation 6.1.

https://ro.uow.edu.au/jutlp/vol18/iss8/09
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TSS = ∑

𝑊𝑖

𝑘 𝑊𝑘

( 𝑇𝑡𝑠 )

(6.1)

Where i = {1…6} is the number of skills sets including English skills, Creativity skills,
Programming skills, Leadership skills, Communication skills and Logical skills in a project, a
qualification matrix Q (m x n) expresses the project role i ∈ N (0 ≤ i ≤ m). The weight of each skill
is 𝑊1 𝑋1 + 𝑊2 𝑋2 + 𝑊3 𝑋3……. 𝑊6 𝑋6 . Each X ∈ {1….5} of scale, X ∈ ℝ6 and W ∈ ℝ6 . Thus, the
savvy technical skill, 𝑇𝑡𝑠 , represents the exact role of the team member in the stages of a project.
To find the technological savvy skill on student interactions, 𝑋𝑡 is a one-hot encoding of students'
skill, and maps the categorical value to numerical vectors and 𝑇𝑡𝑠 = {𝑞𝑡𝑠, 𝑎𝑡𝑠 } that represents the
combination of which skills are needed in the project 𝑇𝑡𝑠 = {𝑞𝑡𝑠, 𝑎𝑡𝑠, } and 𝑋𝑡 ∈ {0, 1}. For instance,
if each attribute has 5 levels (1-5), a one-hot vector with five elements represents it. Level-1 is
represented by (1,0,0,0,0), Level-2 by (0,1,0,0,0), and so on. Then, for 6 attributes with 5 levels for
each attribute, the input numbers are 6x5=30 inputs. The 6 attributes (30-dimensional binary
vectors) are input, and their corresponding target scores are the desired output.
The same principle applies to the case in which each attribute is binary (has/not-has). The output 𝑦𝑡𝑠
is a vector of length equal to the number of skills, where it is assumed, each student has more than
one technical skill, 𝑎𝑡𝑠+1 that can be found from the entry in 𝑦𝑡𝑠 corresponding to 𝑞𝑡𝑠+1.
A comprehensive evaluation of the technological savvy skill prediction framework was used in the
students' case. The dataset was from three years of department student cases, including project
marks and academic results applied to the TSS model. We achieved a mean correlation between
prediction indicator and technological savvy skill of 78.3 percent.
Figure 8
The correlation between prediction score and savvy technological skills
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In figures 8 and 9, the Pearson correlation measured how well the skill variables were related to
teamwork performance. The implication for those teammates is that good programming, creativity,
communication, and logical skills are strongly associated with savvy technological skills. In other
words, if the prediction score is more excellent than 50%, teammates with creativity, programming,
communication and logical skills are relatively high on savvy technological skills (see figure 10).
Teammates with a higher value of creativity skills indicated high predictability of project scores
with a value of 0.5, illustrating that savvy technological skills need very good creative skills. Thus,
teammates with good creativity skills are the best predictor of the technological savvy skill model
(TSS). However, teammates with excellent English skills imply a negative correlation with the TSS.
Figure 9
The correlation between prediction score and savvy technological skills
(with randomly selected samples)

https://ro.uow.edu.au/jutlp/vol18/iss8/09
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Figure 10
The coefficient of multiple skills with the prediction score

With reference to the inspections of Efron and Gong (1983), bootstrap plots were used to estimate
the uncertainty of the dataset of students' marks. The subsamples were repeated, and the range
between 0 and 500 was applied to compute the values of the sampling distribution (see figure 11).
In figure 11, uncertainty estimation was discovered in the median from a dataset with 13 elements.
A subsample of 13 pieces was generated, and the median was calculated. Fifty data points were
considered during each sampling, and the bootstrap procedure was performed 500 times. The
corresponding histograms were generated for the mean, median, and mid-range. The mean
histogram approximates a typical distribution even though the underlying data distribution is
skewed, and the related statistics also have the most insignificant variance.
The data were divided into a training phase and a prediction phase for classification accuracy to find
the confidence interval and error about the model's performance with corrected or incorrect
predictions. Following the classification accuracy, the interval range can be calculated as in equation
6.1.1.
Interval = √

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(1−𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦)
𝑛

(6.1.1)
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The interval range is the estimated value of the confidence interval, error n is the sample size, and
 is the standard deviations from the Gaussian distribution. The generally used number of standard
deviations and corresponding significance level from the Gaussian distribution is shown in table 1.
Figure 11
The bootstrap plot with 500 uniform random numbers

Table 1
The confidence level and standard deviations from mean
Confidence Level

Standard deviation from mean

90%
95%

1.64
1.96

98%
99%

2.33
2.58

Assuming a model with 20% error, (error = 0.2) and a prediction phase data with 88 examples (n =
88). Then, the estimation of 95% confidence interval ( = 1.96) is used for finding the confidence
interval such that,

The calculated value of the confidence interval is 0.084, which shows the classification error of the
model is 20% +/- 8.4%. 95% interval is estimated as the confidence interval. The k-fold crossvalidation procedures assessed the configuration performance on a dataset as well.

https://ro.uow.edu.au/jutlp/vol18/iss8/09
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Figure 12
10-fold cross-validation result

In figure 12, 10-fold cross-validation was applied with different repeats to validate the dataset's
model performance. Twenty repeated procedures gave a more accurate evaluation of the mean
model performance—the logistic regression model from the python library was used as a solver for
evaluating a score by cross-validation. Estimating and computing the score were parallelised over
the cross-validation splits. A square bar and whisker plot summarise the distribution of the scores
for each number of repeats. The line inside and the line on the tail of the square bar indicate the
median of the distribution. The triangle inside/outside the square bar represents the arithmetic mean.
An asymmetric distribution was obtained, which means the model indicates nearly a central
tendency.
Furthermore, a repeating process appears as positive accuracy of about 71% (see the left-hand side
output in figure 12). Consequently, it seems the mean merged around a value of about 71%. Stable
model performance and the standard error appear to decrease with increasing repeats and stabilise
the value of 0.011 in the 14 or 16 repetitions. As a result, the repeated 10-fold cross-validation can
diminish the error in the model's performance.

Findings
The TSS model demonstrated exemplary performance in the previous sections. The descriptive
statistics are provided in this section. The participating students were requested to complete the
online user acceptance survey at the end of the semester. The survey asked students to check the
box that best described their observations, the notation being Strongly disagree=1, Disagree=2 (tend
to disagree more than not), Disagree=3, Agree=4, Agree=5 (tend to be more agreeable), Strongly
agree=6 and Not applicable=0. The questions comprised aspects of recommended skill
improvements and establishing self-capability. Over 60% of students agreed that they understood
their self-capability, strengths, and weaknesses. Around 50% of students thought the
recommendations for skill improvements from the prediction system were practical (see the survey
results in figure 13).
The online survey also looked for open-ended questions to indicate students' feedback and the
impacts on the working procedures. Table 2 shows the summary of those answers.
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Figure 13
The survey results about the self-capability and recommendations of skill improvements

Table 2
Summary of the open-ended questions
How do you feel about discussing their grade with your team members?
1. There is not much argument on the grade since we have admitted what the system told us.
2. Enjoyable. I love the whole process of solving the problem. It fulfils our curiosity.
3. I think it may help us to understand each other for a little bit.
4. It is great. We all know the strengths and weaknesses of each other and support each other.
Overall, the statements from students are quite favourable opinions. They thought the study
procedures could be advantageous in understanding team project requirements and recognising their
team members' capability. Besides, the statements show the high-level effectiveness of the
teamwork-performance prediction system in increasing course performance.
The impacts of SSM model
The calculation of P (G, P, M) for each 𝑥𝑖 in X and 𝑦𝑗 in y is shown in figure 14. From the testing
data, we discovered that the probability of "Pass" had higher accuracy than the probability of "Good"
and "Marginal", and the probability was greater than 0.5 (the statistical results are shown in figure
15). Therefore, this can help to classify the accuracy as true positives and true negatives.
As for evaluating the model's reliability, the kappa coefficient was applied to measure how the
classifier matched the data ground truth. In the classification problem, the probability of the
predictions corresponding with the actual values of class 1 (Pass) and the possibility of the
predictions agreeing with the true values of class 2 (Marginal) means the training set's classification
accuracy is explicit. The two classifiers are independent and computed by the actual class's
proportion and the predicted class's ratio. Let's consider "Marginal" as the positive class, 74% of
records (false positives + true positives) to class "Marginal" and 26% of the records (true negatives
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+ false negatives) to class "Pass" (see figure 15). Thus, 𝑃𝑒 is 𝑃𝑒1 + 𝑃𝑒2 = (𝑃𝑒1,𝑡𝑎𝑟𝑔𝑒𝑡 )(𝑃𝑒1,𝑝𝑟𝑒𝑑𝑖𝑐𝑡 ) +
(𝑃𝑒2,𝑡𝑎𝑟𝑔𝑒𝑡 )(𝑃𝑒2,𝑝𝑟𝑒𝑑𝑖𝑐𝑡 ).
Figure 14
The partial probability results for "G", "P" and "M."

Figure 15
The probability distributions of the predicted grade

After manipulating the confusion matrix, class 2 is 90% true negatives, and only 7.6% is a false
negative, which means the difference is significant. The accuracy of all corrected predictions is
higher than the misclassification.

To find the significant attributes that can affect the soft skill model, the performance metrics were
extended to compare the different characteristics in the dataset. In figure 17, the attributes of "GLog" and "VG-Log" (Good and Very Good Logical Skill) shows a higher accuracy score of 88%.
The precision for class 2 is true positives and suitable for our model as the "recall" is True
Positive/True Positive + False Negative. The precision is 80%, and an excellent "F1" score (over
85%) means low false positives and low false negatives. Moreover, the remarkable result of the two
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classes almost correctly identified the positive cases from all the actual positive cases. The result
tells us those team members with good and very logical skills can maximise the team project's soft
skills.
Figure 16
The confusion matrix between the predicted grade, actual grade, and class 1 & class 2

Figure 17
The performance metrics of the "G-Log and VG-Log" attributes

In figure 18, the attributes of "G-Comm" and "VG-Comm" (Good and Very Good Communication
Skill) have a higher accuracy score of 81%, and the precision is greater than 70%. The recall ratio
is over 70% positive observations in the actual class. That means fewer false positives and a higher
(80%) weighted average of precision and recall. The result tells us that team members with excellent
communication skills can maximise the project team's soft skills.
Figure 18
The performance metrics of the "G-Comm and VG-Comm" attributes

In Figure 19, the "G-Lead" and "VG-Lead" (Good and Very Good Leadership Skill) attributes have
an accuracy score greater than 75%, and the precision is greater than 70%. That means lower false

https://ro.uow.edu.au/jutlp/vol18/iss8/09
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positives, and the precision and recall weighted average is over 70%. The result tells us those team
members with good and very leadership skills can maximise the project team's soft skills.
Figure 19
The performance metrics of the "G-Lead and VG-Lead" attributes

According to the above analysis, three observations emerge:
1. Communication skill is one of the soft skills that affect project performance.
2. Leadership skill is the capacity to motivate others, an essential personality trait to influence
project performance.
3. Logical skill is the project-related technical skill that is considered crucial among the soft
skills.

Discussion
The research results observed that students who used the prediction system in team projects
understood the strengths and weaknesses of practical assignments. The study had the opportunity to
establish the necessary skills for project management which is also the initial stage of Project-Based
Learning (PBL). Students learn by actively engaging in personally meaningful projects such as final
year projects. According to the results, the TSS model references teammates with good
programming, creativity, communication, and logical skills in the technical nature of team projects.
Montfort et al. (2009) mentioned that engineers are required to accomplish critical analysis when
dealing with a new problem. As Leppävirta et al. (2011) stated, conceptual knowledge must be
established through the iterative process. Thus, reaching a more profound conceptual understanding
needs to go through appropriate activities such as logic-based thinking to analyse a situation
forthcoming a solution. Therefore, engineering students lacking adequate professional development
to train PBL is the main challenge.
The impact of SSM shows that considerable skills like good logical skills can maximise the team
project's soft skills. During Project-Based Learning, students can develop communication skills,
leadership skills, logical skills, creativity skills, programming skills, synthesised knowledge, and
propose a solution to complete the projects. Meanwhile, group-based student projects can reinforce
group and individual work skills, including planning and managing time and building
communication skills. In terms of the academic field of higher education, Ryan and Ryan (2013)
indicated that higher education could provide a rich resource to the systematic development of
reflection across whole programs. From the teachers' point of view in higher education, teachers can
master the students' knowledge and skills delivered in the courses and allocate the learning resources
to the right students. Also, both teachers and students recognise that teamwork is a great benefit to
students' future careers.
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Last, the TSS and SSM models are the bridge in project management to help students develop the
growing skills and are significant in finding weaknesses. The fact is that the teamwork performance
system affected students' learning outcomes as well.

Conclusion and future research
To conclude, the case study demonstrated that well-rounded Technological Savvy Skills are a
critical component in project teamwork. The technological savvy skill is a specific ability that can
be measured and defined. Measurement in our case study showed how well the technical skill
variables related to teamwork performance. The implication is that teammates with good
programming, creativity, communication, and logical skills have associated savvy technological
skills. The TSS model highlighted the task allocations and relevant technical skills acquired through
formal education or training programs. We believe that the TSS model is a vital asset to consider
when developing project management roles through our performance results.
Figure 20
The conceptual learning pattern for the second stage of research
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The study also identified soft skills that are adaptive to team processes. Soft skills are more about
communication and leadership qualities, such that communication, logical, and leadership skills are
soft skills that determine a project's success. Although savvy technological skills are essential in
team projects, soft skills help teammates work well no matter how much or little technical
knowledge they have. Therefore, balancing savvy technological skills and soft skills are primary
determinants in how well teams perform. All the results and impacts are the initial study from the
small datasets in the departments. The project will continue to develop as a university-level system.
In the previous sections, the task performance should minimise "underperformance" in the stages
project. Nevertheless, we also consider underperformance as a new parameter after the initial stage
of performance review. For future investigation, each underperforming member is supposed to
conduct the training before joining the next phase of team development. For example, teammates
learn information by sequence and apply knowledge by correctness so that the teamwork
performance represents the project output.
According to Kepa et al. (2002), training procedures also impact a team's performance. They said
every internal process affects team performance, so further research needs to understand the learning
patterns better. Figure 20 shows the conceptual framework for the learning pattern model.
The brief learning pattern descriptors appear as:
1.

2.

3.

4.

5.

Classification - people attend structured learning and learn step-by-step composition and
break the tasks into different sub-tasks. They engage in learning activities to include the
areas of social skills and academic assignments. Individual's work as instructional
methodologies to classify the tasks, distribute tasks, work as a group, work in order,
organise tasks in detail and outline the plan.
Precision – people learn as they correct mistakes and through the practical experience of
the open-ended problem. For example, individuals gain knowledge and skills by
investigating complex questions or exploring real-world issues and challenges. They enjoy
accomplishing the tasks accurately, explaining the facts in detail and measuring the tasks'
results precisely.
Work alone - it means individuals are dynamic learners, and they combine the tasks within
their learning contexts, such as taking apart ideas, processes, and things and using the latest
tools/technologies to solve problems. These contexts may be referencing a point for
ensuring knowledge has been gained. For example, individuals are required to assemble
the tasks, build across their learning patterns and demonstrate their experiences in content
or expectations. They can figure out the problems and fix the issues by operating concretely
and representing graphically.
Confluence - individuals intended to apply their abilities as performances, knowledge, and
skills acquired in learning (Wikipedia, 2021). For instance, individuals transfer information
concerning new things from others. They may have acted carefree while brainstorming in
group discussions and learned knowledge and skills for new situations (i.e., they have
chances to imagine incredible ideas). They always learn to embrace change, and learning
is essential to growing as an individual.
A network of cooperation – individuals learn from peers in larger groups or attempt to
learn something together to impact learning positively. For example, an individual can have
time when teammates contribute equally and discover the others' strengths in a small group.
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Finally, teachers need to create teamwork, and students collaborate with their strengths to team up
with the right partners to work together in teams and in team member roles that benefit higher
education in evolving the PBL.
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